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Research progress on the application of artificial intelligence algorithms in
food quality and safety
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(Shanghai Center of Agri-product Quality and Safety, Shanghai 201708, China)

ABSTRACT: Food safety is crucial for national economic development and public health. With the development of
science and technology, traditional detection methods is difficult to meet the supervision requirements of food safety
in complex scenarios. In recent years, artificial intelligence (Al), with its high efficiency, high accuracy, powerful
data processing capabilities, and precise identification and predictive analysis functions, has gradually been applied to
research fields such as food flavor analysis, food safety risk assessment and early warning, and authenticity

identification. The application of Al technology has improved the timeliness and reliability of food quality and safety
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testing, and has built a prevention and control system covering the entire industry for regulatory departments through

intelligent decision-making assistance systems, becoming the core technical support for ensuring “safety on the tip of

the tongue”. This paper mainly introduced the main algorithms of machine learning and deep learning algorithms, and

reviewed the research progress of Al algorithms in food quality and safety. Additionally, it looks ahead to the existing

problems and future research trends of the application of Al algorithms in food quality and safety. The aim is to offer

references for further promoting the research and practice of Al technology in the field of food quality and safety, and

to provide research ideas for the field of food quality and safety detection.

KEY WORDS: artificial intelligence; algorithms; machine learning; deep learning; food quality and safety
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